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Outline

1. Introduction to the muon monitors
2. Responses of Muon Monitors to the 

beam and the horn current
Beam Scan
Horn current scan

3. Machine Learning Applications
Linear Regression Models
Neural Networks
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NuMI beamline
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• Three muon monitors are located in the downstream of the 
hadron absorber

• Each muon monitor consist of 9x9 arrays of ionization 
chambers

• Each ionization chamber consists of two ceramic parallel 
plates with the separation of 3 mm gap

• The chambers are filled with He gas  

Muon monitor array

MM1 MM2

• According to the MC studies, 
MM1 has a good sensitivity to 
see the correlation of neutrino 
beam to muons 

Introduction to Muon Monitors

Muon Monitor (9x9 array)
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Introduction to Muon Monitors

AnodeCathode
He+

e-

Kapton Cables

Ionization Chamber

Muon Monitor (9 array of tubes 

each with 9 chambers)

Am241 Calib Alpha 
source

Aluminum tray

Muon Monitors are operating at 300V

Operational voltage has been selected to minimize the recombination effects and to avoid the signal issues with the proportional region
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Importance of the Muon Monitors
Neutrino Experiments

Muon Monitors 
Data

Accelerator Division:
• Beam performance
• Horn current stability
• Beam alignment 
• Target status 
• Probably for beam Auto-tune 

Neutrino Experiments:
• Neutrino beam stability
• To Reduce flux systematic 

errors

Helping to understand 
neutrino beam 

Helping to understand 
beamline performance



06/30/2020 Athula Wickremasinghe | ML with Muon Monitor Data�7

Next

1. Introduction to the muon monitors
2. Responses of Muon Monitors to the 

beam and the horn current
Beam Scan
Horn current scan

3. Machine Learning Applications
Linear Regression Models
Neural Networks
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Beam and Horn Current Scans

Horizontal Scan Vertical Scan
Y

X
Target

Y

X
Target

Muon FluxMuon Flux Muon Flux

Horn Current Scan

We have used two BPMs to extrapolated the beam on to the target 
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Beam Scan Horn I & Beam Scan

1MW Target
Scan Date: 
2019-12-12

�9

Horizontal and Vertical Scan 

Beam Scan Horn I & Beam Scan
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Correlations from beam scans 
Scan data: 2019-07-03 Scan data: 2019-12-12
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Beam scans with horn current settings 
Horizontal Scan Vertical Scan
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Normalized Integrated Signal 

Measurement indicates:
• Proportional to the total muon flux passing through the 

detector per proton
• Proportional to the total muon energy lost in the detector

Importance of the measurement:
• Indicates the hadron production related to the target profile 
• Sensitive to the horn current variations  

Noramlized Integrated Signal =
MM#COR

POT

POT = Beam Intensity

MM#COR = Muon Monitor integarted signal with pedetal subtractioins and calibrations

MM# = Muon Monitor (1,2 or 3)
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 Integrated Muon Signal vs Horn Current 
Scan data: 2019-12-12Scan data: 2019-07-03

MM1

MM2

MM3

MM1

MM2

MM3
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Integrated signal responses to the new target

Old Target 1MW Target

Muon Monitor 1

Mar Apr JulyMay Jun

2019 2020

Dec Jan

<mm1cor> = 1.809 

<mm1cor> =  1.750 

» This is a good example of how that 
muon monitor observations are 
responding to the target geometry 
changes

» There is a ~5% difference from the old 
target to the new target

Old Target 1MW Target
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Remarks from the beam and horn scans 
• Usually, beam scans are used for the beam alignments with the help 

of the hadron monitor measurements
• Muon flux centroid behaves linearly with the incident beam position 

for different horn current settings
• Each muon monitor has a unique behavior to the beam parameters 
• Helping to understand the horn focusing effects
• Integrated signal is a key measurement to understand the target 

related issues
• Studies are helpful to test or validate the beamline Monte Carlo 

predictions 
• Beam scan data are useful for data modeling or Machine Learning 

applications
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Muon Monitors 
Data

Accelerator Division:
• Beam performance
• Horn current stability
• Beam alignment 
• Target status 
• Probably for beam Auto-

tune 

Neutrino Experiments:
• Neutrino beam stability
• To Reduce flux 

systematic errors

Helping to understand 
neutrino beam 

Helping to understand 
beamline performance

Why Do We Need Muon Monitors?

proton + C → Hadrons (π± or Kaon) → ν + μ±
Recalling the neutrino production in the NuMI beam line 

Next…
Can we make intelligent predictions for experiments 

with the help of Machine Learning ?

Getty Images. GETTY
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Next

1. Introduction to the muon monitors
2. Responses of Muon Monitors to the 

beam and the horn current
Beam Scan
Horn current scan

3. Machine Learning Applications
Linear Regression Models
Neural Networks
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Linear Regression Model Applications 

prediction =
N

∑
i=0

αi ⋅ Xi + βi
Regression 
coefficient 

 Variable 
Measurement  

 Residual 
coefficient   
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Predicting Muon Monitor Centroid 
from beam and horn parameters 

Model
Proton Beam X & Y

Proton Beam Size: X, Y
Horn Current

Muon Flux Centroid
at the muon monitors

MOTIVATION: Developing a muon flux centroid prediction model by taking 
account upstream variables such as horn current and proton beam profile 
changes as inputs

Proton Beam Intensity
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Muon Flux centroid prediction 

prediction = f(Xb, Yb, σX, σY, Intensitybeam, Ihorn)
Prediction for muon monitor1 <X>Training performance for a random data set

The predictions are accurate as +/- 0.1 mm in X and 
+/- 0.5 mm in Y
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Muon Flux centroid prediction 
— prediction
— data
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Predicting Horn Current  
from Muon Monitor Data 

MOTIVATION: That would be a very useful tool if we have a model to 
predict the horn current behaviors by taking account muon monitor signals 

Model
7 pixels MM1

Integrated MM1
Horn Current 
Prediction

Integrated MM2
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Pred Horn I = f(MM1PIXELs, MM1COR and MM2COR, beam Intensity)

Training Data

2019-07-03 12:00-12:30

2019-07-05 16:00-16:30

We use 10 input variable to train the 
model 

Training the Model
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Prediction Standard Error:  0.152 kA

We have the capability to predict the horn 
current by taking account muon monitor 
signal data

Horn Current Predictions 
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Horn Current Predictions 
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Predicting Beam Position 
from Muon Monitor Data 

MOTIVATION: A tool to predict the proton beam position at the target by 
taking account muon monitor signals 

Model
15 pixels MM1

Integrated MM1 Beam Position 
PredictionIntegrated MM2
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Beam centroid X prediction 

Testing for randomly selected large 
data set with different beam settings 

We have used selected muon monitor pixels as 
inputs for the model

Example of test sample

Training performance 
for a random data set
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Beam centroid Y prediction 

The predictions are accurate as +/- 0.05 
mm in X and +/- 0.07 mm in Y
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Neural Network Applications 
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Brief Introduction to Neural Network

Input
Output

Hidden Layers

Example of an activation function

Activation function
Network tuning 
» Learning rate
» Number of nodes
» Number of hidden layers 
» Bias
» Batch size
» Patient and Luck! 

Weights are updated according to 
the backpropagation algorithm

wnew = wold + η ⋅ ∇Error
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Identifying/predicting Incidents  
from the Muon Monitor Data 

MOTIVATION: A tool to predict and identify incidents or anomalies by taking 
account muon monitor signals 

Muon Monitor Signals
81x3 pixels Status

165
Nodes

3
Nodes

243
Nodes
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Identifying/predicting Incidents 
Identifying/predicting Gas Bottle Change or After Down Time Status

Muon Monitor Response After the Gas Bottle Changes

Downtime
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�  Identifying/predicting Incidents 

Muon Monitor Data

Start o
f th

e tra
ining 
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�  Identifying/predicting Incidents 
Output

Training performance 

Training and validation in each epoch

Results looks good and can 
predict incidents spill by spill  
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�  Identifying/predicting Incidents 
True Gas Bottle Events True After Downtime Events 

True Normal Events 
The separation looks good
Can setup cutoff limits to categorize 
incidents to predict spill to spill
Searching for more incidents as training 
data
Looking for different incident categories  
from the past experiences 
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�  Identifying/predicting Incidents 

Input Data 

Output 

Testing the model application 
with a combined data sets
Model predictions has 
classified data as expected 



06/30/2020 Athula Wickremasinghe | ML with Muon Monitor Data�37

Predicting Beam Parameters and Horn Current  
from Muon Monitor Data 

MOTIVATION: A tool to predict beam parameters and horn current by taking 
account muon monitor signals 

Muon Monitor Signals
81x3 pixels

Output

400
Nodes

350
Nodes

4
Nodes

243
Nodes

Beam X and Y
Beam Intensity
Horn Current 
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Beam centroid X and Y prediction 
Beam X Beam Y
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Beam Intensity and Horn Current
Beam 
Intensity

Horn 
Current
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True vs Prediction 

We have a good predictions 
for beam position and beam 
intensity  
We have to optimize the 
models to achieve the best 
horn current predictions



06/30/2020 Athula Wickremasinghe | ML with Muon Monitor Data�41

Remarks on ML studies 
• ML model prediction techniques are useful to monitor beam 

profile changes, beam quality and horn current related issues. 

• Possible to recover missing data  

• We have a capability to identify and predict incidents spill-by-
spill 

• ML tools are useful for the beam auto-tune and horn current 
tuning 
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�  Ongoing Projects and Plans
1. Predicting beam quality cuts for NOvA by modeling muon monitor data
» Application: NOvA use limits of beam parameters to select NOvA good and bad 

runs/sub runs 
» Advantage: ML can be used to apply better selection rules, fast results, 

percentage confidence of the prediction. We are able to optimize selection rules  
to achieve the best selections

» Data: 3xMM data + Gas Pressure + HV + ?

2. Neutrino flux predictions from the muon signals
» Application: Flux predictions are depending on the beam parameters. Beam 

and horn current related systematics are independent from the real status 
» Advantage: ML will be able to predict the flux spill by spill and thats helpful to 

address the flux systematics
» Data: inputs: 3xMM data + Gas Pressure + HV  + Beam Intensity + ?
» MC: Need to have simulation data to link MM data with flux 
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Thank you

Muon Monitor is a very useful tool to make a communication 
bridge between accelerator physics and neutrino experiments


